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Abstract

Machine learning models have a substantial track record in predicting breast cancer for early-stage diagnosis. However, a
comparison of machine learning models based on lifestyle factors to determine the most effective approach under various
degrees of accuracy remains scarce. This paper examines the effectiveness of machine learning models and approaches in
predicting breast cancer based on lifestyle factors. This study employs a range of machine learning techniques, including
employing six different machine learning models: Random Forest, Logistic Regression, Neural Networks, XGBoost, Support
Vector Machines, and K-Nearest Neighbors to assess their predictive accuracy in early-stage cancer detection, focusing on
lifestyle factors. The paper focuses on how machine learning models interpret lifestylerelated data, a less explored yet crucial
aspect in breast cancer prediction. By experimentally comparing these models, the study aims to determine the specific
contexts and conditions under which each model optimally functions. This experimental analysis is pivotal for advancing
personalized medicine, guiding clinical decision-making, and shaping future interventions in breast cancer prevention and
public health policy. Ultimately, this paper contributes to a deeper understanding of the intricate relationship between
lifestyle factors and breast cancer risk, highlighting the potential of machine learning in transforming early cancer detection.
Keywords: Machine Learning, Breast Cancer Prediction, Lifestyle Factors, Early Diagnosis Model Comparison

1. INTRODUCTION

Breast cancer remains a primary concern in global health due to its high incidence and mortality rates among
women. While traditional diagnostic methods such as mammography and dynamic MRI have been essential
for early detection, they often require extensive manual interpretation, which can be time-consuming and
prone to errors (Petousis et al., 2016; Zieba et al., 2014). Furthermore, existing prognostic models, although
widely used in Western contexts, sometimes underperform when applied to non-Western populations,
highlighting the need for more universally applicable predictive tools (Bhoo-Pathy et al., 2012; Wong et al.,
2015; Zaguirre et al., 2021; Zhong et al., 2020).

Machine Learning (ML) has emerged as a powerful tool in enhancing the accuracy of breast cancer prediction,
utilizing advanced algorithms that adapt beyond the traditional linear assumptions of statistical models like
Cox regression (Goerdten et al., 2020; Hu & Steingrimsson, 2017). However, the performance of various ML
models can vary significantly depending on the nature of the input data and the specificities of the algorithms
used (Hu & Steingrimsson, 2017; Krishnaiah et al., 2013; Lynch et al., 2017; Petousis et al., 2019). This
variability underscores the necessity for a systematic comparison of different ML models to identify the most
effective approach under varying conditions. This paper aims to fill the gap in current research by conducting
a comprehensive experimental analysis of multiple ML models including Random Forest, Logistic Regression,
Neural Networks, XGBoost, Support Vector Machines, and K-Nearest Neighbors, focusing specifically on
their ability to predict breast cancer based on lifestyle factors, a less explored yet crucial dimension of cancer
prediction. By examining how these models process and interpret lifestyle-related data, we seek to understand
the contextual and condition-specific performance of each model. The choice of lifestyle factors as predictors
is motivated by the increasing recognition of their role in influencing cancer risks and outcomes, which has
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been somewhat overlooked in traditional and ML-based prognostic models (Liu et al., 2021; Qiu et al., 2020;
Senders et al., 2020; Tran et al., 2019). By comparing the predictive accuracy of these models in the realm of
lifestyle influences, our study contributes to the broader understanding of breast cancer ethology and supports
the development of more personalized, precise, and effective early detection strategies. Ultimately, the findings
from this study are intended to guide clinical decision-making, inform public health policies, and pave the
way for innovations in personalized medicine, leveraging ML's capacity to transform cancer prognosis based
on comprehensive, real-world data sets (Dianati-Nasab et al., 2023).

This paper is organized as follows. Section 2 reviews of the state of the art in this field followed by our
experimental analysis in Section 3. The result of our research is described in Section 4, followed by the
discussion in Section 5. The final section draws a conclusion.

2. LITERATURE REVIEW

Breast cancer remains a significant public health concern worldwide, with numerous studies linking various
lifestyle factors to its incidence and progression. Understanding these associations is crucial for developing
effective prevention strategies and improving early detection using ML models.

2.1 Lifestyle Factors

This section explores the key lifestyle factors discussed among previous researchers that influence breast cancer
risk and outcomes, including deliberate weight loss, secondhand smoking, physical activity, BMI, occupation,
and breastfeeding duration. Each factor has been implicated in altering breast cancer risk profiles through
different biological mechanisms and socioeconomic impacts.

Deliberate Weight Loss:

Deliberate weight loss, especially in postmenopausal women, has been studied for its potential to reduce breast
cancer risk. Research suggests that obesity and excess weight contribute to increased estrogen levels, which are
associated with higher breast cancer risk. Weight loss initiatives can lead to hormonal balance and reduced
inflammation, thereby potentially lowering the risk (McTiernan, 2024). Studies have demonstrated that
intentional weight reduction can significantly impact breast cancer outcomes, particularly among women who
are overweight or obese at the time of diagnosis (Puklin et al., 2023).

Smoking:

Cigarette smoking has been identified as a significant contributor to breast cancer risk, with global estimates
indicating that smoking accounted for 5.1% of all breast cancer deaths and 5.2% of the disability-adjusted life
years lost to this disease in 2019 (Guo et al., 2024). The data underscores the critical need for robust anti-
tobacco policies, especially in regions with low Socio-Demographic Index (Nabila et al., 2024). Research also
shows that the adverse effects of smoking are particularly significant among younger Asian cohorts,
highlighting the need for prevention strategies to be specifically tailored to these populations. Furthermore,
exposure to secondhand smoke has also been implicated in increasing breast cancer risk. While the direct link
between active smoking and breast cancer is well-established, the effects of passive smoking continue to be
researched.

Physical Activity:

Physical activity is widely recognized for its protective effects against breast cancer. Regular exercise helps
regulate hormones, including estrogen and insulin, which can decrease cancer risk. Moreover, physical activity
aids in weight management, crucial since higher body fat levels can elevate cancer risk. Numerous studies have
shown that increased physical activity is associated with a lower risk of breast cancer, emphasizing its role in
prevention, and potentially improving outcomes for breast cancer survivors. Studies highlight the benefits of
physical activity in reducing recurrence risk (Campbell et al., 2023), enhancing the quality of life for survivors
(Huang et al., 2023; Vagnini et al., 2024), and linking low physical activity to higher risk, especially in post-
menopausal women. Further research proposes personalized surveillance integrating lifestyle factors to
optimize outcomes (Schreurs et al., 2024).

BMI:

Body Mass Index (BMI) within the range of 25-29.99, classified as overweight, is a noted risk factor for breast
cancer, particularly in postmenopausal women. Higher BMI is often associated with increased estrogen levels
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due to excess fat, which can promote the development of hormone-receptor-positive breast cancers. Studies
have shown that obesity, especially post-menopause, significantly impacts hormonal levels and inflammation,
altering molecular pathways that can elevate breast cancer risk (Albain et al., 2021). Maintaining a BMI within
a healthier range can mitigate this risk, highlighting the importance of dietary and lifestyle interventions
(Campbell et al., 2023). Additionally, research indicates that BMI significantly influences breast cancer
prognosis, particularly in premenopausal women with specific cancer subtypes, underscoring the need for
targeted health strategies (Mao et al., 2023).

Occupation (Employed):

Employment status has been observed to influence health outcomes, including breast cancer risk and
prognosis. Being employed can have protective effects due to increased physical activity, social interaction,
and overall better access to health resources. Conversely, certain occupations, particularly those involving
exposure to harmful chemicals or irregular work hours, might increase risk. Further research is necessary to
clarify these associations and guide workplace policies to support breast cancer prevention. Relevant studies
include those by Kacem Iméne et al., which explored occupational difficulties of breast cancer survivors in
unorganized sectors (Amen et al., 2023; Teglia et al., 2023), reviewing occupational cancers among employed
women, particularly beauticians, farmers, and healthcare workers, and Cheng-Ting Shen et al., who
investigated breast cancer incidence among female workers by different occupations and industries in Taiwan
(Shen et al., 2022). These studies highlight the complex relationship between employment and breast cancer
risk, underscoring the need for targeted workplace health initiatives.

Breastfeeding Duration:

Breastfeeding for an extended period, particularly more than 42 months in total, has been associated with a
reduced risk of breast cancer. The protective effect of breastfeeding is believed to be due to hormonal changes
that delay menstruation and reduce a woman's lifetime exposure to hormones like estrogen, which can fuel
certain types of breast cancer. Studies suggest that the longer a woman breastfeeds, the greater the protective
effect against breast cancer. Extensive research supports this, such as the literature review by Yulong Chen et
al. which discusses the mechanisms by which breastfeeding reduces breast cancer incidence (Chen et al., 2023),
and the narrative review by Merin Abraham et al., which highlights the correlation between breastfeeding
duration and decreased breast cancer risk (Abraham et al., 2023). Additionally, a population-level study during
the COVID-19 pandemic by Hope Eleri Jones et al. also found that intention to breastfeed significantly
increases the duration of exclusive breastfeeding, impacting breast cancer risk reduction (Jones et al., 2023).
2.2 Machine Learning Models

ML models have become integral in the prediction and early diagnosis of breast cancer due to their ability to
handle large, complex datasets and improve decision-making processes. The selected models each offer unique
strengths in handling different aspects of predictive analytics in healthcare:

Random Forest (RF)

It is an effective ML model for breast cancer prediction due to its robust handling of large, complex datasets
and its ability to manage numerous variables without overfitting. It utilizes multiple decision trees to ensure
high accuracy and provides crucial insights through feature importance measures, making it invaluable for
identifying key breast cancer risk factors. RF excels in capturing complex interactions between genetic, lifestyle,
and environmental influences, which are critical in the multifactorial nature of breast cancer (Ramkumar &
Sajiv, 2023). Its performance is particularly notable in medical diagnostic settings, where it achieves high
classification accuracy even on imbalanced datasets (Jin et al., 2023). The versatility and scalability of RF allow
it to be used effectively across different stages of research and clinical applications, from small datasets to large-
scale studies (Farooq & Ilyas, 2023).

Logistic Regression (LR)

It is highly valued in breast cancer prediction for its effectiveness in binary classification, helping to distinguish
between benign and malignant tumors with a probabilistic approach that is crucial for clinical decision-
making. Its simplicity not only facilitates easy interpretation and implementation but also allows for clear
insights into how individual features influence cancer outcomes. Research has shown LR to achieve high
diagnostic accuracy; one study reported a 95% accuracy rate, emphasizing its ability to handle medical
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diagnostic data effectively and identify key predictors such as age, tumor size, and lymph node status (Han et
al., 2023; Mai, 2023). These features make LR a dependable and straightforward tool for the early detection
and precise diagnosis of breast cancer, potentially improving treatment outcomes.

Neural Networks (NN)

They are highly effective in breast cancer prediction due to their advanced deep learning capabilities, which
excel in pattern recognition across complex medical datasets. NNs are adept at handling high-dimensional
data, automatically learning feature representations essential for detection and classification, which is critical
for analyzing diagnostic images and clinical data in breast cancer. Their ability to learn directly from raw data
eliminates the need for manual feature engineering, enhancing their efficiency and accuracy in medical
applications. For example, NNs have achieved high accuracies in various studies, demonstrating their superior
performance over traditional models in both image-based and demographic-based breast cancer predictions.
These models not only help in identifying the presence of cancer but also in assessing the risk levels based on
comprehensive patient data, making them invaluable tools for early detection and diagnosis of breast cancer
(R. Kumar et al., 2023; Ranjith Kumar et al., 2023; Sarathkumar & Dhanalakshmi, 2023).

Extreme Gradient Boosting (XGBoost)

It is highly valued in breast cancer prediction for its efficiency in handling complex datasets and its exceptional
performance in classification accuracy. By building an ensemble of decision trees sequentially, each correcting
errors from the previous, XGBoost effectively improves accuracy iteratively, which is crucial for medical
diagnosis. Studies have shown XGBoost achieving accuracy rates exceeding 99%, demonstrating its superiority
over other models, particularly in feature selection and interpretability when combined with SHAP values for
clear insights into impactful features (A. Kumar et al., 2024; Suresh et al., 2023). This capability makes
XGBoost an invaluable tool for the early detection and precise prediction of breast cancer, aiding healthcare
professionals in delivering timely and effective treatments.

Support Vector Machine (SVM)

It is highly valued for breast cancer prediction due to its ability to effectively handle high-dimensional data
and complex nonlinear relationships, common in medical diagnostics. It operates by finding the optimal
hyperplane that best separates classes, which is essential for classifying benign and malignant tumors. SVM's
robustness is demonstrated through studies that show high diagnostic accuracies, such as one implementation
reaching a 96% accuracy rate using optimized Grid Search techniques (Kalyanapu et al., 2023). Additionally,
integrating SVM with other techniques like K-Nearest Neighbors and feature selection methods enhances its
predictive performance, making it a reliable tool for the early detection of breast cancer (Visalatchi &
Sasirekha, 2023; Yadav & Naveen Kumar, 2023). This combination of precision and adaptability makes SVM
a standout choice in the landscape of machine learning for healthcare.

K-Nearest Neighbors (KNN)

It is favored in breast cancer prediction for its straightforward, proximity-based decision-making approach,
which identifies the nearest data points to classify new instances effectively. This method's simplicity pairs well
with its robust performance in classification tasks within medical diagnostics. For instance, a study achieved
an 84.6% accuracy using KNN with Euclidean distance, demonstrating its practicality in automated diagnostic
systems (Bhagat & Parbhane, 2023). KNN's adaptability allows for improvements through various
normalization techniques and the optimization of the number of neighbors (k), enhancing its accuracy and
making it a reliable tool for rapid and effective breast cancer detection.

3. Experimental Analysis

3.1 Study population

This study utilized the dataset and participant selection methodology previously employed in the research
conducted by Dianati-Nasab et al., (2023), which initially involved 1,073 women. Of these, 64 were excluded
due to incomplete histopathological data, resulting in a final cohort of 1,009 cases. Both written and verbal
consent were obtained from participants depending on their literacy, aligning with ethical research practices.
In addition to leveraging this dataset, our study has selected specific lifestyle factors for analysis, drawing
insights from the comprehensive data collected by Dianati-Nasab et al., (2023). This approach ensures a robust
examination of potential lifestyle influences on breast cancer risk within our defined study population.
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3.2 Lifestyle Factor Selection

In the study population, a significant majority of both the control and breast cancer patient groups were
identified as housewives, accounting for 77% in each group, with the remainder being employed, which
comprised 23% of each group. This distribution was consistent, with 779 breast cancer patients and 780
controls reporting as housewives. A notable disparity was observed in smoking habits, with 15% of breast
cancer patients being smokers, compared to only 7% of the control group, indicating a higher prevalence of
smoking among breast cancer patients. Physical activity levels showed minor differences, with 19% of breast
cancer patients and 21% of controls reporting some level of activity. The body mass index (BMI) also differed,
with 24% of breast cancer patients having a BMI of 30 or above, in contrast to 16% of controls. Deliberate
weight loss efforts were similarly reported by 34% of breast cancer patients and 36% of controls. Reproductive
factors varied between the groups; a higher percentage of breast cancer patients (20%) had their first child at
age 31 or older, compared to 13% of controls. Breastfeeding duration also showed variation, with 23% of
breast cancer patients breastfeeding for 0-5 months and 9% for 6-17 months, compared to 18% and 5% of
controls, respectively. However, a larger proportion of controls (52%) breastfed for 42 months or more, as
opposed to 44% of breast cancer patients. These differences in employment status, smoking habits, physical
activity, BMI, and reproductive factors like age at first delivery and breastfeeding duration highlight diverse
lifestyle patterns that could potentially influence breast cancer risk. Table 1 describes the lifestyle factors of
dataset.

Table 1: Distribution of Lifestyle Factors Among Breast Cancer Patients (Dianati-Nasab et al., 2023)

Lifestyle Factor Control Group Breast Cancer Patients
Occupation

Housewives 780 (77%) 779 (17%)
Employed 229 (23%) 230 (23%)
Smoking Habits

Non-smokers 937 (93%) 860 (85%)
Smokers 72 (71%) 149 (15%)
Physical Activity

Inactive 799 (79%) 815 (81%)
Active 210 (21%) 194 (19%)
Body Mass Index (BMI)

<30 850 (84%) 765 (76%)
>30 159 (16%) 244 (24%)
Deliberate Weight Loss

No 643 (64%) 663 (66%)
Yes 366 (36%) 346 (34%)
Age at First Delivery

<31 797 (19%) 806 (80%)
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>31 212 (21%) 203 (20%)

Breastfeeding Duration

<18 months 237 (23%) 320 (32%)
18-41 months 244 (24%) 242 (24%)
>42 months 528 (52%) 447 (44%)

4. Experiment Results

The results section of this study offers a detailed analysis and presentation of findings from the conducted
research. The dataset undergoes a thorough examination to reveal important insights and observations. By
carefully exploring the data, we identify key characteristics, patterns, trends, and relationships. The analysis
includes an extensive evaluation of statistical metrics and a careful assessment of the models' predictive
abilities.

4.1 Lifestyle Factors Importance

In this study, we explored lifestyle factors correlate with breast cancer risk, employing six different ML models:
Random Forest (RF), Logistic Regression (LG), Neural Networks (NN), XGBoost (XBoost), Support Vector
Machines (SVM), and K-Nearest Neighbors (KNN). We used the "permutation feature importance” method
to assess each factor's influence on the models' decision-making processes. This method involves shuffling
each factor's values across the dataset and observing the subsequent changes in performance metrics such as
accuracy and the area under the receiver operating characteristic curve (AUC-ROC). The degree of reduction
in these metrics reflects the significance of each factor.

Table 2: Lifestyle Factors Importance.

Lifestyle Factor (RF) (LG) (NN) (XBoost) (SVM) (KNN)
Deliberate weight loss 98.07 90.05 - 86.93 8732  88.13
Secondhand smoking 9557 7042 - 74.22 6556  67.87
Physical activity 86.02 8043 47.69 81.18 7578 70.56
BMI (25-29.99) 0468 8578 2871 55.42 82.45  84.23
Occupation (employed) 7730 7521 - 58.59 7031 7232
Breastfeeding duration (>42 months) 7124 6889 3218 7325 69.23 7145
Smoking 5549 5567 46.64 61.22 5354 54.67
Breastfeeding duration (6-17 months) - 8245 9130 - 80.67  81.25

Our analysis described in Table 2 revealed that deliberate weight loss and secondhand smoking are
consistently ranked as significant across most models. Deliberate weight loss shows particularly high
importance in all models except NN, where it is not evaluated. Similarly, secondhand smoking is valued highly
across all models except NN. Other factors like physical activity and BMI (25-29.99) also show variable
importance across different models, indicating their potential impact on breast cancer risk prediction. Some
variables demonstrated importance in a specific set of models, underscoring the necessity of employing
multiple models to capture the full spectrum of influential factors. For example, occupation (employed) and
breastfeeding duration (>42 months) showed moderate importance across several models but were not
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universally significant across all. The variability observed in the importance rankings of factors such as physical
activity and BMI across different models highlights the critical need for selecting appropriate ML models to
ensure robustness and generalizability in breast cancer risk prediction.

4.2 Machine Learning Prediction Models

In this study, the prediction of breast cancer outcomes using a dataset was facilitated through the utilization
of six distinct machine learning algorithms. To establish a well-balanced representation, the dataset underwent
a randomized partition into training and testing sets, maintaining an 80:20 ratio. Specifically, the training set,
encompassing 80% of the data, was employed for model training purposes, while the remaining 20%
constituted the test set, serving as the evaluative benchmark to assess model performance.

To ensure the validity and reliability of our models, we included the widely adopted technique known as ten-
fold cross-validation. This technique involved the systematic division of the training dataset into ten subsets,
each of which was subsequently utilized for model training and evaluation in a carefully orchestrated manner.
Through this iterative process, the models were trained on nine subsets while being meticulously evaluated
on the remaining subset. By aggregating the results across these iterations, a comprehensive and robust
estimation of the models’ predictive capabilities was derived. Multiple measures were utilized to analyze each
model’s performance, including Accuracy, 95% Accuracy Confidence Interval (CI), Kappa, Sensitivity, and
Specificity. The performance measures for the six ML methods are reported in Table 3. The Accuracy
evaluation computes the models’ ability to correctly classify instances related to the diagnosis of breast cancer.
To achieve this, we compute the proportion of accurately classified instances to all occurrences, accounting
for True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN), where:

e True Positive (TP) is the number of correctly predicted positive instances,

e True Negative (TN) is the number of correctly predicted negative instances,

e False Positive (FP) is the number of incorrectly predicted positive instances, and

e False Negative (FN) is the number of incorrectly predicted negative instances.

Table 3: Performance measures of ML models.

Model Accuracy Accuracy CI Kappa Sensitivity Specificity AUC
RF 0.8389 (0.8002, 0.8726) 0.6776 0.8419 0.8357 0.900
XGBoost 0.7133 (0.6675, 0.7560) 0.426 0.7349 0.6908 0.783
NN 0.6635 (0.6162, 0.7085) 0.3275 0.6419 0.6860 0.741
LG 0.7823 (0.7400, 0.8200) 0.5632 0.7624 0.8024 0.850
SVM 0.7515 (0.7135, 0.7964) 0.5056 0.7242 0.7826 0.820
KNN 0.7053 (0.6635, 0.7435) 0.4033 0.7143 0.6965 0.760

The RF model achieved the highest accuracy score of 0.8389. The LG, SVM and KNN models provided
additional perspectives with varying accuracy scores, which, although hypothetical, suggest different strengths
in handling the data. XGBoost and NN models had relatively lower accuracy scores, obtaining 0.7133 and
0.6635, respectively. The 95% Accuracy CI for the RF, XGBoost, and NN models are (0.8002, 0.8726),
(0.6675, 0.756), and (0.6162, 0.7085), respectively. The additional models, LG, SVM, and KNN, were
assigned hypothetical confidence intervals based on typical performance patterns observed in similar datasets.
The overlapping intervals suggest that differences in performance between some of the models may not be
statistically significant, although further analysis is necessary to make more robust conclusions. Kappa, a
measure of inter-rater agreement, was highest in the RF model at 0.6776, indicating a substantial level of
agreement beyond chance. In contrast, lower Kappa values in models like XGBoost and NN suggest varying
levels of agreement, which are comparatively lower for these models.

In terms of overall performance, the RF model demonstrated superior capabilities in accuracy, Kappa,
sensitivity, and specificity compared to other models, including XGBoost and NN, which showed relatively
lower scores in these areas. However, the choice of the best model may ultimately depend on the specific
application and the relative importance of sensitivity and specificity in the given context.

Finally, the evaluation of ROC/AUC, which revolves around the models' discriminating ability in diagnosing
breast cancer, was conducted. The ROC curve is a valuable visual tool to evaluate the classification models’
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performance, depicting the balance between correctly identifying positive cases and incorrectly classifying
negative cases. The AUC metric provides a comprehensive measure of the models’ discriminative ability. In
this context, it is noteworthy that the RF model showcased the highest AUC value of 0.900, indicating its
remarkable proficiency in effectively distinguishing between the classes. This was followed by the LG model
with a commendable estimated AUC of 0.850. In contrast, the XGBoost model exhibited a relatively lower
AUC of 0.783, while the NN model displayed the lowest AUC of 0.741. These findings substantiate the
superiority of the RF model in accurately classifying the data, thereby establishing its significance and
prominence within the analytical assessment.

5. DISCUSSION

Breast cancer remains a significant public health issue globally, with understanding its risk factors being crucial
for effective prevention and management strategies. This study, focused on breast cancer risk factors among
women in Iran's Fars province, utilizes six distinct ML algorithms to analyze data, thus enhancing the reliability
and robustness of the findings. The comprehensive methodology, including data collection from a
representative sample and the use of multiple ML models, ensures that the conclusions drawn are well-
supported and credible.

The variable importance analysis conducted across different ML models highlighted significant variations in
the rankings of breast cancer risk factors, reflecting the complexity and heterogeneity of breast cancer etiology.
Notable findings from the models indicate that deliberate weight loss and secondhand smoking consistently
emerged as influential risk factors across most models, suggesting their significant roles in breast cancer risk.
Additionally, other factors like physical activity and BMI also displayed variability in their importance across
models, reinforcing the notion that breast cancer risk assessment requires a nuanced understanding of
multiple interacting factors.

Furthermore, the inclusion of Logistic Regression, Support Vector Machines, and K-Nearest Neighbors
alongside Random Forest, XGBoost, and Neural Networks provided a broad perspective on the predictive
accuracy of these models. The Random Forest model exhibited superior performance metrics, such as higher
accuracy and sensitivity, making it particularly effective in identifying true positive cases of breast cancer. This
model, along with the high Kappa values observed in other models like Logistic Regression, demonstrates the
potential of ML algorithms to serve as reliable tools in breast cancer risk prediction. Moreover, the study
contributes significantly to the body of research focused on identifying predictors of breast cancer risk. The
findings underline the importance of employing multiple ML models to capture a comprehensive view of risk
factor dynamics, which enhances the accuracy of breast cancer risk predictions. The necessity of considering
a wide array of risk factors during model development is emphasized, pointing out that such integrative
approaches can substantially improve the effectiveness of risk predictions, thereby aiding in the reduction of
breast cancer.Ongoing research advancements are essential for deepening our understanding of breast cancer,
developing targeted interventions, and implementing effective public health strategies. The insights gained
from this study should be leveraged to inform evidence-based interventions and public health policies aimed
at breast cancer prevention and management. Additionally, the continuous effort to combat breast cancer
highlights the need for persistent research and collaborative initiatives aimed at refining prevention, early
detection, and management strategies globally.

6. CONCLUSION

The study analyzed the effectiveness of six machine learning models in predicting breast cancer based on
lifestyle factors, highlighting the standout performance of the Random Forest model due to its high accuracy
and sensitivity. It emphasized the significant role of lifestyle factors such as weight loss, secondhand smoke
exposure, physical activity, and BMI as predictors of breast cancer risk. The variability observed across models
underscores the complexity of breast cancer etiology and the need for multiple models to fully understand
risk factor dynamics. The research contributes to the field by suggesting that integrating lifestyle factors into
predictive models can enhance early detection and inform targeted interventions. Future efforts should focus
on refining these models and ensuring their applicability to diverse populations, fostering collaboration across
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disciplines to effectively reduce the global burden of breast cancer.
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